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Abstract— In this paper, we analyze a framework of charging
Plug-in Electric Vehicles (PEVs) where the electric utility
(or aggregator) sets time-dependent prices for charging, and
the PEVs choose their charging profiles so as to minimize
their individual charging costs (maximize individual profits).
We show that there exists pricing policies that results in
social optimality (i.e., minimize the network-wide charging cost,
or maximize the total economic surplus) under individually
rational (selfish) decision-making by the PEVs. The pricing
policy is non-linear and can differ across PEVs, and takes
into account the uncertainty in the user (PEV-owner) charging
preferences which are in general not known to the utility, but
can possibly be stochastically estimated (predicted) through
observations over time. We evaluate the proposed pricing policy
through simulations, in terms of the mean and variance of the
total electric load on a sample distribution network.

I. I NTRODUCTION
In order to reduce dependency on petroleum, the cost of
the fuel consumption, greenhouse gas emissions, and at the
same time increase vehicle engine performance efficiency,
Plugged-In Electric Vehicles (PEVs) have been getting popular in recent years [1]. Based on the nationwide survey data
[2], [3], the average US household load in 2009 was 1.3 KW,
while the Level 1 PEV charging uses 1.96KW and Level 2
PEV charging uses 7.2KW of extra power load.
Therefore, if every household owns just one PEV in the
near future, the peak demand of the grid load from charging
the PEVs can increase the peak load by a factor between
2.5 to 6.5 times of the current peak load. Widespread use
of PEVs is however likely to increase the average electricity
consumption significantly, which would then become a major
component of an average household energy bill. Additionally,
it would generate very bursty demand patterns, as the PEVs
may prefer to charge all at the same times. Since cost of
electricity generation and supply have a strong dependence
on the peak-to-average ratio in energy usage, more bursty
demand for electricity is likely to increase the electricity
prices significantly. Efficient management of this excess
demand (due to PEV charging) is important not only for
reduced cost to consumers, but also for efficient operation
and stability of the grid.
Coordination of PEV charging demand, aimed at spreading
them over in time or scheduling them at times when the
grid is under-loaded, can be achieved in different ways.
In this paper, we study a price-driven framework where
pricing signals are used to induce users (PEV owners) to
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schedule charging at times when the grid is expected to
be light-loaded. In this framework, the utility (aggregator)
publishes time-dependent price charts (functions) for PEV
charging, and the PEVs respond to that by scheduling their
charging to minimize their charging cost (maximize their
individual profit functions) while satisfying their individual
requirements. Our goal is to design the pricing functions
(which will in general be time and user-dependent) to be
socially optimal, i.e., minimize the total energy distribution
cost, or maximize the total economic surplus.
The question of coordinated PEV charging has been approached from different perspectives including game theory
[4] [5], gradient optimization [6], [7], stochastic optimization
[8], sequential quadratic optimization [9], [10], dynamic
programming [11], and various other methods [1], [12], [13],
[14]. While our overall goal is similar to that considered in
the prior work mentioned above, i.e. minimizing the load
variance in the distribution network, our work differs from
existing work in the following aspects. Firstly, unlike much
of the prior work, we consider a price-induced mechanism
for PEV charging, posing it in a game-theoretic framework
where the charging decisions are made by selfish users (PEV
owners) minimizing their costs (given the prices). While
[4] addresses the coordinated PEV scheduling question as a
non-cooperative game, price-driven scheduling is not taken
into account. While [5] explicitly considers price-driven
scheduling, the model is significantly different from ours,
as [5] poses the question as a Stackelberg game between the
utility (leader) and PEVs (followers), where the utility sets a
price to maximize its own revenue given selfish users; in our
case, however, the pricing function is set so as to optimize
the social cost (minimize cost of distribution, or maximize
economic surplus).
In a related work, [15] proposes a linear pricing policy
and shows that there exists a (fixed per-unit) pricing vector
and a charging profile which is socially optimal. However,
as we show in section II-D, a linear pricing policy may not
lead to social optimality of all individually rational charging
solutions. The nonlinear pricing we propose in this paper,
would result in a charging profile that is necessarily socially
optimal.
Some of the key differences of our work with the existing
work in this context are as follows. Firstly, in contrast
with most of the literature which considers linear pricing
functions (fixed per-unit prices), we consider non-linear
pricing functions, which is necessary in our case for attaining
social optimality. Secondly, unlike many of the existing
price-driven scheduling models (in PEV as well as other

contexts) we take into consideration differences in timing
constraints/preferences across users, which necessitates userspecific pricing functions. Furthermore, we assume that these
constraints/preferences may not be generally known to the
price-setter (the electric utility in our case), but could be
estimated (statistically) possibly through historical observations of user behavior. This incompleteness of information
is captured in terms of user “types”, as typically done
in a Bayesian game-theoretic framework. The framework
and results in this paper can be viewed as an extension
or generalization of those in our earlier work [16] which
considers a similar price-driven PEV charging question but
in a deterministic (complete information) setting where user’s
charging constraints are assumed to be known to the utility,
or learned through an iterative game played between the
utility and the PEV owners ahead of the charging period.
The model that we consider in this paper represents the
reality better, where the charging constraints/preferences on
a particular day may not even be known in advance to the
users (PEV owners) themselves, not to mention the electric
utility. The utility may however have statistical estimates of
the charging constraints and preferences of users, obtained
through observing the charging behavior of individual users
over time, which can then be utilized in optimizing the
charging schedules (indirectly, through the design of appropriate pricing functions) in a stochastic sense. The model
and results considered in this paper should be viewed in this
context, and can be used by the electric utility in setting
prices for PEV charging in advance (say, a month, day, or
even hours ahead) based on its estimates (predictions) of the
user preferences (behavior). It is worth noting here that our
proposed pricing policy can be viewed as Walrasian pricing
[17] applied to the PEV charging question, extended to
consider uncertain user preferences (incomplete information
about users’ charging constraints/behavior) through Bayesian
game-theoretic modeling.
The paper is structured as follows. We describe the system
model, pricing policy and social optimality analysis of the
proposed pricing policy in Section II. In Section III, we
extend our framework and results to include user satisfaction
functions. In Section IV, we evaluate the proposed policy
through simulations, and conclude in Section V.
II. P RICING PEV C HARGING FOR S OCIAL O PTIMALITY
In this section, we describe the system model, and present
our pricing policy which computes certain time-dependent
PEV-specific pricing functions based on available statistics
on the charging preferences of individual PEVs. We show
that under the proposed pricing policy, individually rational
charging profile choices by selfish PEV owners results in
social optimality, i.e., minimizes the energy distribution cost
in the grid.
A. System Model
We model a system where an electric utility (or an
aggregator) computes a price of charging for K plug-in
electric vehicles (indexed 1, ..., K) on a distribution network,

where the price is to be used over a period of T time units,
which are indexed as 1, ..., T . Let D(t) denote the base
load (aggregated non-PEV load) over the entire distribution
network at time t, for all t.
The utility has a prior belief about the possible preferences
of the different users (PEV owners) which are captured
as different types as commonly done in a Bayesian game
theoretic framework [18]. A type of PEV is defined based on
the charging start time, finish time, total amount of charging
requested, and also other charging constraints such as the
maximum charging rate at each time slot. We denote a PEV
k is of type θk , if the owner of PEV k decides to charge
PEV k based on the constraints defined in type θk . Let Θk
denote the set of all possible types of PEV k. Let tsk,θk and
tfk,θk denote the charging start time and finish time of PEV k
of type θk and let Tk,θk = [tsk,θk , tfk,θk ] denote the charging
interval of PEV k of type θk .
Let pk,θk (t) denote the charging rate of PEV k of type θk ,
explained as a function of time. We assume that the charging
rate pk,θk (t) is constant during time unit t, and therefore
PEV k consumes pk,θk (t) amount of energy during time unit
t. Let pk,θk = (pk,θk (1), ..., pk,θk (T )) denote the charging
profile of PEV k of type θk . Note that in our framework, the
charging profile is determined by the PEVs, responding to
the charging prices set by the utility, in a way that we will
discuss in this section. Let pk = (pk,1 , ..., pk,|Θk | ) denote
the total charging profile of PEV k and p = (p1 , p2 , ..., pK )
denote the charging profile of all PEVs charging in different
types. Let p−k denote the total charging profile of all PEVs,
excluding that of PEV k. For PEV k of type θk , the charging
rate should be within a range, due to constraints on the
PEV battery and limits of charging equipments that PEV
has access to at time t:
0 ≤ pk,θk (t) ≤ pmax
k,θk (t),

t ∈ Tk,θk .

(1)

Obviously, pk,θk (t) = 0 for t ∈
/ Tk,θk . Let us define Uk,θk
as the total energy PEV k of type θk requests to get charged
in Tk,θk . Hence:
X
pk,θk (t) = Uk,θk ,
∀k, θk
(2)
t∈Tk,θk

P
Let Dk,θk = {pk,θk | t∈Tk,θ pk,θk (t) = Uk,θk , 0 ≤
k
pk,θk (t) ≤ pmax
k,θk (t)} denote the set of all feasible charging
profiles of PEV k of type θk . Let Dk = Dk,1 × ...Dk,|Θk |
denote the set of all possible charging profiles of all types
of PEV k and D = D1 × ... × DK denote all the feasible
charging profiles of all the PEVs charging in all different
types.
The probability that PEV k is of type θk is denoted
as φk,θk . We assume that the utility has estimates of the
probability φk,θk calculated based on historical observation of the individual user (PEV owner) charging behavior.
P|Θk |
Obviously,
θk =1 φk,θk = 1, for all k. Let φ(θ1 , ..., θK )
denote the joint probability that PEVs (1, ..., K) are of types
(θ1 , ..., θK ), respectively. Let us denote φ−k (θ1 , ..., θK ) as
the joint probability that PEVs (1, ..., k − 1, k + 1, ..., K) are

of types (θ1 , ..., θk−1 , θk+1 , ..., θK ), respectively. We assume
that each PEV determines its charging type independent
from other PEVs in the grid, thus we
Q
QKhave: φ(θ1 , ..., θK ) =
K
φ
and
φ
(θ
,
...,
θ
)
=
k,θ
−k
1
K
k
k=1
i=1,i6=k φk,θk .
B. Social Optimality
The utility minimizes the social cost function defined as
the expected value of a convex function of the total load in
the grid as in the following:

L(p) = Eφ

T
X

V

D(t) +

t=1

=

T |Θ
1|
X
X
t=1 θ1 =1

...

V

!!
pk,θk (t)

k=1

|ΘK |

X

K
X

D(t) +

θK =1

K
X

!
pk,θk (t) φ(θ1 , ..., θK ),

k=1

(3)
where V(x) is a strictly convex function of x. For the case
that the utility minimizes the variance of the total load,
V(x) is set to V(x) = x2 .
C. Individual Rationality
Let ψkt (xtk ) denote the pricing function determined by the
utility for PEV k to charge the xtk amount of energy at time
t. As PEV k does not pay for the unused electricity, we have
ψkt (0) = 0. Let us denote Ψk (xk ) = (ψk1 (x1k ), ..., ψkT (xTk ))
as the pricing policy for PEV k. Let vector Ψ(x) =
(Ψ1 (x1 ), ..., ΨK (xK )) denote the pricing policy for all the
PEVs in the grid. Given the pricing policy Ψk , the charging
cost of PEV k with charging profile xk , Jk (Ψk , xk ), is
calculated as in the following:
Jk (Ψk , xk ) =

T
X

ψkt (xtk ).

min
Jk (Ψk , pk,θk )
X
min
ψkt (pk,θk (t)).
pk,θk ∈Dk,θk

pk,θk ∈Dk,θk

Next we discuss the proposed (nonlinear, user-dependent)
pricing policy. Let p∗ denote the social optimum charging
profile that minimizes L(p) in equation (3); Note that p∗
can be computed in different ways such as the best response
strategy based approach proposed in [16]. We propose the
pricing function ψk∗ t (xtk ), t ∈ [1, T ], for each PEV k, as in
the following:
 

K
X
ψ ∗ tk (xtk ) = Eφ−k V D(t) +
p∗i,θi (t) + xtk 
i=1,i6=k

 

(5)

t∈Tk,θk

D. Motivation for Nonlinear Pricing
Before we describe the utility’s pricing policy, we
motivate the use of nonlinear pricing by showing a simple
example that a linear pricing function does not lead to
the social optimal charging profile. Let the social cost
function is the variance of the total load in the grid, i.e
V(x) = x2 . Let us assume that T = 2 hours and there is
only one PEV 1 of only one type 1 charging amount of
U1,1 = 2KWh in hours indexed as 1 and 2 with pmax
1,1 (t) = 2
KW, for t = 1, 2. Let us assume D(1) = 421KWh and
D(2) = 420KWh. As D(1) > D(2), the utility proposes
the linear pricing functions ψ11 (x) = ax and ψ12 (x) = bx,

K
X


p∗i,θi (t) ,

(6)

i=1,i6=k

(4)

Assuming rational PEV owners, each PEV k minimizes
its own charging cost of type θk , ∀k, θk . Let the charging
profile p̃k,θk , minimizes the charging cost of PEV k of type
θk . Hence:

= arg

E. Proposed Pricing Policy

−Eφ−k V D(t) +

t=1

p̃k,θk = arg

with a > b, to prevent PEV 1 from increasing the variance
of the total load in the grid. PEV 1 sets its charging profile
of type 1 as p1,1 = (0, 2)KW to minimize its charging cost.
In this case, the total load in the grid is l(1) = 421KWh
and l(2) = 422KWh. The mean value of the total load is
421.5 KWh and the variance of the total load is calculated
as 0.52 + 0.52 = 0.5 (KWh)2 . For the pricing vector
Ψ∗ = (ax, ax), the charging profile p∗ = (0.5, 1.5) KW, is
socially optimal (the variance of the total load is minimized
to zero), however, under this proposed linear pricing policy,
PEV 1 may choose many charging profiles that do not lead
to the social optimality. This simple example illustrates that
the linear pricing policy does not necessarily lead to the
social optimally charging profile of the PEVs in the grid and
there is a necessity to find a nonlinear pricing policy that
forces PEVs to choose the social optimal charging profile.
This urges us to explore beyond linear pricing policies.

where xtk is the amount of energy that PEV k decides to
charge at time slot t.
F. Analysis
We next show that the proposed pricing policy as derived
in equation (6) leads to the socially optimal charging profile
when selfish users choose their charging profiles to minimize
their individual costs. Let us define the cost-minimizing
socially optimal pricing policy as follows.
Definition 1: A pricing policy, Ψ, is cost-minimizing socially optimal, if the charging profile that minimizes the
individual cost function of each PEV k of type θk , under
pricing policy Ψ, is the socially optimal charging profile.
Lemma 1: Given the pricing policy Ψ∗k as in equation (6),
the optimal solution p̂k,θk ∈ Dk,θk that minimizes the cost
of PEV k of type θk , Jk (Ψ∗k , pk,θk ) as defined in equation
(5), is unique.
Proof: As V(x) is a strictly convex function of x,
t
ψ ∗ tk (xtk ) is a strictly convex function
P of xk∗. tTherefore the
∗
cost function Jk (Ψk , pk,θk ) =
t∈Tk,θk ψ k (pk,θk (t)), is
strictly convex in Dk,θk , and there exists a unique charging

profile p̃k,θk ∈ Dk,θk that minimizes Jk (Ψ∗k , pk,θk ) in
Dk,θk .
Theorem 1: The pricing policy Ψ∗ defined as in equation
(6), is cost minimizing socially optimal.
Proof:
Let p∗ is the socially optimal charging
profile and let p̃ denote the charging profile such that p̃k,θk
minimizes the charging cost of PEV k of type θk under the
proposed pricing policy defined as in equation (6), for all k,
θk . Using equations (5) and (6), the charging profile p̃k,θk
minimizes Jk (Ψ∗ , pk,θk ) in Dk,θk for each PEV k of type
θk , as in the following:
p̃k,θk = arg
= arg

= arg

min

pk,θk ∈Dk,θk

min

min

Eφ−k

V D(t)

p∗i,θi (t) + pk,θk (t)

(7)

Note that the second term in equation (6) is constant with
respect to the optimizing variable vector, pk,θk , and it is
ignored in equation (7). Based on the assumption that each
PEV chooses its charging type independently from other
PEVs, the social cost function L(p∗−k , pk ), defined as in
equation (3), is written as in the following:
"
T
X
∗
Eφk Eφ−k V D(t)
L(p−k , pk ) =
t=1

+


p∗i,θi (t) + pk,θk (t)

i=1,i6=k
|Θk |

" T
X X

=

θk =1

+

K
X

V

D(t) +

t=1

K
X

!
pk,θk (t)

!
− V (D(t))

k=1

= L(p) − L(0).

(10)

t=1

i=1,i6=k

K
X

C(p) = Eφ

T
X

Based on Theorem 1, the utility proposes the pricing
policy Ψ∗ as in equation (6) to the PEVs in the grid, to
minimize its purchase cost. The expected revenue of the
utility by selling energy to the PEVs is calculated as in the
following:

ψ ∗ tk (pk,θk (t))

t=1

T
X

Let us assume that the social cost function, as defined in
equation (3), represents the expected purchase cost of the
electricity for the utility and the utility desires to maximize
its expected net income. The expected purchase cost of
electricity is calculated as in the following:



K
X

+

T
X

pk,θk ∈Dk,θk

pk,θk ∈Dk,θk

Jk (Ψ∗k (xk ), pk,θk )

G. Expected Net Income of the Utility

R(p) = Eφ

K X
T
X

!
ψ ∗ tk (pk,θk (t))

(11)

k=1 t=1

The expected net income of the utility is calculated as in the
following:
I(p) = R(p) − C(p).

(12)

Let D∗ denote the set of all socially optimal charging
profiles. As L(p) is a convex function in the convex set
D, therefore D∗ is also a convex set. From Theorem 1, all
the charging profile p∗ ∈ D∗ resulting from the proposed
pricing policy Ψ∗ , minimize the electricity cost purchase,
C(p). As C(p∗ ) is minimized for all p∗ ∈ D∗ , the utility
must choose a charging profile, p̂∗ ∈ D∗ , that maximizes
R(p∗ ) over D∗ in order to maximize its net income.

Eφ−k V D(t)
III. I NCORPORATING U SER S ATISFACTION F UNCTION

t=1


p∗i,θi (t) + pk,θk (t) φk,θk

(8)

i=1,i6=k

Based on equation (7), the charging profile p̃k,θk minimizes each term in the last equation of (8) in Dk,θk . Therefore, the charging profile p̃k , minimizes L(p∗−k , pk ) in Dk .
As L(p∗−k , pk ) is strictly convex in pk , the charging profile
p̃k that minimizes L(p∗k , pk ) in Dk , is unique. Furthermore,
p∗ minimizes L(p) in p ∈ D. Therefore, we have:
L(p∗ ) = L(p∗−k , p∗k ) ≤ L(p∗−k , p̃k ),

(9)

It shows that the unique minimizing charging profile p̃k in
Dk must be equal to p∗k .
Under the pricing policy in equation (6), individually rational
(selfish) PEV k is forced to choose the unique socially
optimal charging profile p∗k,θk in order to minimize its
charging cost in each charging type θk ∈ Θk . Therefore, the
proposed pricing mechanism minimizes the expected cost of
the utility that is defined in equation (3).

So far, we have assumed that PEV k of type θk requests
a fixed charging amount, Uk,θk . In general, the PEV will
typically have some flexibility in terms of charging amount,
and Uk,θk could only represent an upper bound of the energy
requested over Tk,θk . In such a case, the value associated
with a charging amount pk,θk (for user k when it is of type
θk ) can be represented by a satisfaction function S(pk,θk ),
which P
we will assume to be of the form S(pk,θk ) =
Wk,θk ( t∈Tk,θ pk,θk (t)). We will assume that the function
k
W(.) is strictly concave in its (scalar) argument, and is
modeled/estimated by the P
utility.
Let D̃k,θk = {pk,θk | t∈Tk,θ pk,θk (t) ≤ Uk,θk , 0 ≤
k
pk,θk (t) ≤ pmax
k,θk (t)} denote the set of charging profiles of
PEV k of type θk . Let D̃k = D̃k,1 × D̃k,|Θ|k denote the set
of all charging profiles of PEV k; let D̃ = D̃1 × ... × D̃K
denote the set of all possible charging profiles of the PEVs.
In this case, the utility may be interested in maximizing
the economic surplus defined as the total user satisfaction

minus the total cost of energy, expressed as follows:


K
X
X
F(p) = Eφ
Wk,θk 
pk,θk (t)
t∈Tk,θk

k=1

−

T
X

V

D(t) +

t=1

K
X

!!
pk,θk (t)

.

(13)

k=1

Assuming individually rational (selfish) PEV owners, each
PEV k maximizes it own charging profit of type θk , ∀k, θk .
The charging profit of each PEV k of type θk , under the
pricing policy Ψk , is calculated as in the following:
Uk,θk (Ψk , pk,θk )


X
X
= Wk,θk 
pk,θk (t) −
ψkt (pk,θk (t)). (14)
t∈Tk,θk

t∈Tk,θk

The expected profit of PEV k, under pricing policy Ψ(x),
is calculated as in the following:
Ūk (Ψk , pk ) = Eφk (Uk (Ψk , pk,θk ))


|Θk |
X
X
Wk,θk 
=
pk,θk (t)
θk =1

t∈Tk,θk

!
−

X

ψkt (pk,θk (t))

φk,θk .

(15)

t∈Tk,θk

Let p̃k,θk maximizes Uk (Ψk , pk,θk ), for all θk ∈ Θk ,
therefore p̃k also maximizes Ūk (Ψk , pk ) in D̃k .
Our proposed pricing policy is the same as before, defined
by equation (6). We next show that this pricing policy
results in a socially optimal charging profile (i.e. one that
maximizes (13)), when the users choose their charging profile
to maximize their individual profits (defined by (14)). We
first prove the uniqueness of the charging profile p̃k,θk
chosen by PEV k of type θk , under the proposed pricing
policy as in (6).
Lemma 2: The charging profile p̃k,θk that maximizes the
profit function of PEV k of type θk , Uk (Ψk (xk ), pk ), under
the pricing policy,Ψ∗ , as defined in equation (6), is unique.
Proof: LetPus denote Y = [0, Uk,θk ]. Let Z(y) =
{pk,θk ∈ D̃k,θk | t∈Tk,θ pk,θk (t) = y}, where y ∈ Y . Let
k
P
us denote g(y) = minpk,θk ∈Z(y) t∈Tk,θ ψ ∗ tk (pk,θk (t)).
k
The objective function of the PEV k of type θk to maximize
its profit is rewritten as: maxy∈Y [Wk,θk (y) − g(y)]. As
Z(y) is a convex set and ψ ∗ tk (xtk ) is a strictly convex
function of xtk , therefore g(y) is a convex function of
y ∈ Y . As Wk,θk is a strictly concave function, therefore
Wk,θk (y) − g(y) is a strictly concave function of y ∈ Y .
Thus there exists a unique y ∗ ∈ Y that maximizes the profit
of PEV k of type θk . Based on Lemma 1, there exists a
unique charging profile p̃k,θk ∈ Z(y ∗ ) that achieves g(y ∗ )
and therefore p̃k,θk uniquely maximizes the charging profit
of PEV k of type θk .
Definition 2: A pricing policy, Ψ, is profit maximizing
socially optimal, if the charging profile that maximizes the

individual profit function of each PEV k of type θk , under
pricing policy Ψ, is the socially optimal charging profile.
Theorem 2: The pricing policy Ψ∗ defined as in equation
(6), is profit maximizing socially optimal.
Proof: Given the uniqueness of p̃k,θk (Lemma 2), the
proof of Theorem 2 can be obtained in the similar way as
proof of Theorem 1, substituting L with −F, Jk,θk with
−Uk,θk , J¯k with −Ūk and Dk with D̃k .
IV. N UMERICAL R ESULTS
For the simulation study we implement and evaluate the
performance of the pricing policy that is proposed in this
paper for the cost minimizing social optimum criterion. In
our simulation study we aim to minimize the variance of the
total load in the grid as the social cost function, therefore
we set V(x) as V(x) = x2 in equation (3). The hourly
load demand data is obtained from [19]. We assume that
there are K = 60 PEVs in the distribution network under
consideration, each of them charging in its own specific type.
We also assume that there are two types of PEV owners/users
charging in the grid denoted as office charger (type O) and
home charger (type H). Each user is either an office charger
or a home charger. All the users charge using level 1 or Level
2 charger with maximum power rate pmax
k,θk (t) = 1.96KW and
pmax
k,θk (t) = 7.2KW, respectively.
Each office charger is further categorized in two different
sub-types: early office charger (type OE) and late office
charger (type OL). An early office charger charges during
8:00 am to 4:00 pm and a late office charger charges during
10:00 am to 6:00 pm. Each home charger is also categorized
in two different types: the early charger (type HE) and the
late charger (type HL). An early home charger charges during
6:00 pm to 6:00 am and a late home charger charges during
8:00 pm to 8:00 am. The battery capacity of an office charger
is Uk,θk = 7KWh and a home charger charges up to a battery
capacity of Uk,θk = 12KWh.
In the simulation results demonstrated in Figures 1-2, we
have 30 office charger users and 30 home charger users.
An office charger PEV is considered an early charger with
probability 0.6 and a late charger with probability 0.4. A
home charger PEV is considered an early charger with
probability 0.7 and a late charger with probability 0.3. A
home charger charges at level 1 with probabity 0.6 and
charges in level 2 with probability 0.4. An office charger
charges in level 1 with probability 0.7 and charges in level 2
with probability 0.3. We assume that the utility knows about
the charging level of the PEVs ahead of scheduling.
Figure 1 shows that on the average, load is distributed
such that the total demand is flattened as much as possible.
Figures 2 shows the coefficient of variation, that is defined
as the ratio of the standard deviation to the mean value of the
total load in the grid for different hours during the day. As it
is seen in Figure 2, the maximum coefficient of variation
is the relatively the small value of 0.0085. Two figures
show that the proposed pricing policy is quite effective in
distributing the PEV demand so that the overall variance of
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Fig. 1. Expected total load vs time in a daily 24 hour time zone of
K = 60 PEVs charging in different types with the social cost function set
as the variance of the total load.

we argue for the necessity of nonlinear pricing functions in
this case.
There are two research directions that are worth further
investigation. Firstly, note that it may be possible to reduce
the overall charging cost (or improve the economic surplus)
even further by allowing the utility to set/change the prices
dynamically, based on the current state of the system. Such
dynamic pricing policies need to be modeled and analyzed
in a multi-stage stochastic game-theoretic framework which
will be considered in future work. Secondly, note that the
socially optimal pricing policy that we proposed need not
maximize the revenue of the electric utility, across all possible charging policies. Pricing that is revenue-optimal to the
utility under individually cost-minimizing users may need to
be considered in a Stackelberg game-theoretic framework;
the social optimality (efficiency) question of Stackelberg
pricing in our PEV charging model merits further investigation.
R EFERENCES

0.01
Coefficient of Variation of total load
0.009

Coffecient of Variation

0.008
0.007
0.006
0.005
0.004
0.003
0.002
0.001
0

0

5

10
15
Time (Hour)

20

25

Fig. 2. The coefficient of variation of the total load vs time in a daily 24
hour time zone for the total number of K = 60 PEVs charging in different
types with the social cost function set as the variance of the total load.

the total (PEV + non-PEV) load is minimized in a stochastic
sense.
V. C ONCLUSION
As mentioned earlier, the proposed policy can be viewed as
a Bayesian extension of the widely studied Walrasian pricing
[17], applied to our PEV charging model. The Bayesian
modeling of the user preferences is necessitated due to fact
that the exact user charging preferences/constraints may not
be known a priori at price-setting time, but their statistics
may be obtained through historical data analysis. Walrasian
pricing not only matches demand with supply, but also results
in social optimality in many contexts; therefore, the fact that
our pricing policy results in social optimality should not
come as a surprise. However, while much of the literature
on Walrasian pricing considers only linear pricing functions,

[1] K. Schneider, C. Gerkensmeyer, M. KintnerMeyer, and R. Fletcher,
“Impact assessment of plug-in hybrid vehicles on pacific northwest
distribution systems,” Power and Energy Society General Meeting,
July 2008.
[2] US Energy Information Administration, “Residential average
monthly bill by census division, and state,” available at
http://www.eia.gov/cneaf/electricity/esr/table5.html, 2009.
[3] P. Hu and T. Reuscher Summary of travel trends, U.S. Department
of Transportation and Federal Highway Administration, available at
http://nhts.ornl.gov/2001/pub/STT.pdf, December 2004.
[4] Z. Ma, D. Callaway, and I. Hiskens, “Decentralized charging control
for large populations of plug-in electric vehicles,” IEEE Tran. on
Control Sys. Tech., October 2011.
[5] W. Tushar, W. Saad, V. Poor, and D. Smith, “Economics of electric
vehicle charging: A game theoretic approach,” IEEE Transactions on
Smart Grid, July 2012.
[6] L. Gan, U. Topcu, and S. Low, “Optimal decenteralized protocols for
electric vehicle charging,” IEEE Conference on Decision and Control,
December 2011.
[7] A. Ghavami, K. Kar, and A. Gupta, “Decentralized charging of
plug-in electric vehicles with distribution feeder overload control,”
under review in IEEE Trans. on Automatic Control, available at:
http://arxiv.org/abs/1308.4316, October 2013.
[8] Q. Li, T. Cui, R. Negi, F. Franchetti, and M. Ilic, “On-line decentralized charging of plug-in electric vehicles in power systems,” Available
at: http://arxiv.org/abs/1106.5063v2, November 2011.
[9] K. Clement-Nyns, E. Haesen, and J. Driesen, “The impact of charging
plug-in hybrid electric vehicles on a residential distribution grid,” IEEE
Transactions on Power Systems, vol. 25, no. 1, p. 371380, 2010.
[10] A. Hajimiragha, C. A. Canizares, M. Fowler, and A. Elkamel, “Optimal transition to plug-in hybrid electric vehicles in ontario, canada,
considering the electricity-grid limitations,” IEEE Transactions on
Industrial Electronics, vol. 57, p. 690701, February 2010.
[11] N. Rotering and M. Ilic, “Optimal charge control of plug-in hybrid
electric vehicles in deregulated electricity markets,” IEEE Tran. on
power Sys., August 2012.
[12] E. Sortomme, M. Hindi, S. D. MacPherson, and S. S. Venkata,
“Coordinated charging of plug-in hybrid electric vehicles to minimize
distribution system losses,” IEEE Transactions on Smart Grid, vol. 2,
March 2012.
[13] D. Steen, S. Al-Yami, L. A. Tuan, O. Carlson, and L. Bertling,
“Optimal load management of electric heating and PEV loads in a
residential distribution system in Sweden,” Proc. of IEEE PES Innov.
Smart Grid Tech. Conf., December 2011.
[14] C. K. Wen, J. C. Chen, J. H. Teng, and P. Ting, “Decentralized plug-in
electric vehicle charging selection algorithm in power systems,” IEEE
Transactions on Smart Grid, vol. 3, December 2012.

[15] N. Li, L. Chen, and S. H. Low, “Optimal demand response based
on utility maximization in power networks,” IEEE Power and Energy
Society General Meeting, July 2011.
[16] A. Ghavami, K. Kar, S. Bhattacharya, and A. Gupta, “Price-driven
charging of plug-in electric vehicles: Nash equilibrium, social optimality and best-response convergence,” IEEE 47th Conference on
Information Sciences and Systems (CISS), March 2013.
[17] L. M. Ausubel, “An efficient dynamic auction for heterogeneous
commodities,” The American Economic Review, vol. 96, June 2006.
[18] M. J. Osborne and A. Rubinstein, A Course in Game Theory. The
MIT Press, 1994.
[19] Y. M. Atwa and E. F. El-Saadany, “Optimal allocation of ess in
distribution systems with a high penetration of wind energy,” IEEE
Tran. on Power Sys., vol. 25, November 2010.

